Although effects of land use/cover on nutrient concentrations in aquatic systems are well known, half or more of the variation in nutrient concentration remains unexplained by land use/cover alone. Hydrogeomorphic (HGM) landscape features can explain much remaining variation and influence food web interactions. To explore complex linkages among land use/cover, HGM features, reservoir productivity, and food webs, we sampled 11 Ohio reservoirs, ranging broadly in agricultural catchment land use/cover, for 3 years. We hypothesized that HGM features mediate the bottom-up effects of land use/cover on reservoir productivity, chlorophyll a, zooplankton, and recruitment of gizzard shad, an omnivorous fish species common throughout southeastern U.S. reservoirs and capable of exerting strong effects on food web and nutrient dynamics. We tested specific hypotheses using a model selection approach. Percent variation explained was highest for total nitrogen (R 2 5 0.92), moderately high for total phosphorus, chlorophyll a, and rotifer biomass (R 2 5 0.57 to 0.67), relatively low for crustacean zooplankton biomass and larval gizzard shad hatch abundance (R 2 5 0.43 and 0.42), and high for larval gizzard shad survivor abundance (R 2 5 0.79). The trophic status models included agricultural land use/cover and an HGM predictor, whereas the zooplankton models had few HGM predictors. The larval gizzard shad models had the highest complexity, including more than one HGM feature and food web components. We demonstrate the importance of integrating land use/cover, HGM features, and food web interactions to investigate critical interactions and feedbacks among physical, chemical, and biological components of linked land-water ecosystems.
Land use/cover has strong effects on a variety of properties of aquatic ecosystems (Allan 2004; Dodson et al. 2005) . The effects of land use/cover on aquatic ecosystems are best understood in the context of hydrogeomorphic (HGM) features such as basin and catchment morphometry and geology and surface and groundwater hydrologic flowpaths. These HGM features, viewed as natural aspects of the landscape, can improve predictive relationships because they can mediate the response of aquatic systems to anthropogenic alterations such as land use change (Knoll et al. 2003; Jones et al. 2004; Schomberg et al. 2005 ). For example, although land use/cover effects on streams have received relatively more attention than effects on other aquatic systems (Allan 2004) , studies of streams, lakes, reservoirs, and wetlands collectively demonstrate that conversion of land cover from natural cover to agricultural or impervious (urban) uses increases nutrient concentrations in water (Crosbie and Chow-Fraser 1999; Strayer et al. 2003; Jones et al. 2004) . However, as much as half or more of the variation in nutrient concentration remains unexplained by land use/cover alone, indicating the importance of incorporating HGM features as well. Indeed, recent lake studies have revealed that the HGM template, from local basin morphometry to regional hydrologic connectivity and climate, can influence lake water chemistry through such mechanisms as groundwater flow and weathering (Soranno et al. 1999; Riera et al. 2000) . Furthermore, the HGM template can determine fish species composition through isolation and extinction mechanisms in lakes (Magnuson et al. 1998; Hershey et al. 1999 ) and through multiple mechanisms determining habitat availability (particularly thermal habitat) in streams (Wang et al. 2003; Brazner et al. 2005) . Motivating this line of research has been the growing recognition of complex linkages between food webs (aquatic and terrestrial) and landscapes (Polis et al. 2004; Vanni et al. 2005) , development of tools such as geographic information systems, and the pragmatic need of regional and national management agencies to assess aquatic resources at large spatial scales (Hawkins et al. 2000) .
Although most studies recognize that both land use/ cover and the HGM template clearly affect aquatic ecosystems, in-lake response variables often have been limited to water chemistry and/or zooplankton or fish species composition. A synthetic understanding of the structure and function of aquatic ecosystems in a landscape context requires incorporation of a broader suite of in-lake response parameters and consideration of linkages among land-use features, the HGM template, aquatic food web dynamics, and ecosystem processes.
Food web ecology in lakes has a particularly rich history of studying pelagic interactions, particularly those concerning direct effects of consumption by fish. Over time, indirect effects of fish consumption and nutrient cycling have been increasingly recognized, and more recently, renewed efforts to integrate pelagic and benthic food webs have strengthened our understanding of lakes (Vander Zanden et al. 2005) . Similar to research emphasizing the importance of benthivorous fish, our research recognizes the importance of a detritivorous fish species, the gizzard shad, Dorosoma cepedianum, to food web and nutrient dynamics in reservoirs.
Reservoirs are particularly good systems for studying a range of land-use and HGM effects because they have large catchment areas relative to their surface-water area and short water residence times relative to natural lakes, which make them likely to be more strongly linked to their surrounding catchments than natural lakes. In addition, gizzard shad is an ideal fish species on which to focus for understanding how land use/cover and HGM variables affect reservoir food webs. As a strong interactor with other food web members, particularly in highly eutrophic reservoirs (Vanni et al. 2005) , gizzard shad appears tightly linked to the surrounding landscape because of its propensity to concentrate and spawn in shallow, inflow areas of reservoirs (Bremigan and Stein 1999) , its often detritivorous diet as an adult (Schaus et al. 2002) , and the positive relationship between gizzard shad biomass and lake or reservoir nutrient status (Bachmann et al. 1996) . Field surveys and manipulative experiments collectively reveal that juvenile (age 0, .30 mm total length [TL] ) and adult gizzard shad can (1) negatively affect other zooplanktivorous fishes (Garvey and Stein 1998a) , (2) positively or negatively affect the growth of predators (Garvey and Stein 1998b) , and (3) increase nutrients available to phytoplankton through consumption of detritus and subsequent excretion . Overall, the effects of gizzard shad on reservoir food webs and nutrient cycling are quite variable in magnitude, but appear to increase with reservoir nutrient status (Vanni et al. 2005 . The mechanisms driving variation among reservoirs both in gizzard shad demographics and subsequent effects are not adequately understood and constitute an ideal opportunity to investigate linkages among landscape features and food web dynamics. Therefore, we investigated patterns linking reservoir landscapes to their food webs and their underlying mechanisms by focusing on a gradient of reservoirs spanning a range of agricultural land cover sampled across multiple years.
In this study, we evaluate the predictions of a conceptual framework ( Fig. 1 ) that integrates the effects of land use/ cover and HGM features on critical food web interactions in reservoirs that determine gizzard shad recruitment and its subsequent effects (Table 1) . Our framework represents the synthesis of small-scale experimental work Stein 1994, 1997) , modeling studies , and smaller-scale field sampling (Pollard et al. 1998; Bremigan and Stein 2001; Knoll et al. 2003) . We collected data from 11 reservoirs sampled for 3 years for a variety of variables, including land use/cover, HGM variables at multiple spatial scales, reservoir productivity, and food web dynamics focusing on factors underlying larval gizzard shad recruitment (defined as survival to the juvenile stage). We take a bottom-up perspective, ultimately based in landuse practices (that we can measure as land use/cover). We used a model selection procedure to identify the most important predictors of each response variable guided by our conceptual framework ( Fig. 1 ) and corresponding predictions (Table 1) . We considered four potential categories of predictors: % agriculture, catchment level HGM features, basin level HGM features, and food web features (Table 1) .
We expected that as agricultural land use/cover in the catchment increased, so would nutrient concentrations in the reservoir, primary production rates, and the abundance of small zooplankton taxa, which are critical to larval gizzard shad survival (Bremigan and Stein 1997 ; Fig. 1 ). Further, we expected that many of these interactions would be mediated by HGM features at catchment and/or reservoir basin scales (Fig. 1) . For example, we expected catchment and reservoir basin features to influence reservoir productivity, independent of the effects of land use/cover, through nutrient transport and resuspension mechanisms. We also expected catchment and basin-scale HGM features to influence larval gizzard shad hatch abundance (through habitat availability and storms), as well as encounter rates of larvae with small zooplankton prey and ultimately larval survival rates.
Methods
Study site-We chose 11 reservoirs that represented a broad range of agricultural land use/cover values (Table 2 ; Fig. 2 ) that were sufficiently deep to stratify in summer in the deep area near the dam. Reservoirs were distributed across three Omernik Level III ecoregions, which represent Fig. 1 . Conceptual framework illustrating the hypothesized effects of gizzard shad and agricultural land use/cover (mediated by HGM features) on reservoir trophic status, zooplankton assemblages, and larval gizzard shad demographics. Solid arrows represent bottom-up effects linking land use/cover, reservoir trophic status, zooplankton, and larval gizzard shad and are the focus of this work. Dashed arrows represent food web and nutrient effects of juvenile and adult gizzard shad. Positive (+) and negative (2) signs indicate the direction of the hypothesized effect. Numbers correspond to hypothesized mechanisms through which HGM features influence nutrient input and food web interactions. (1) Basin morphometry: increased spawning habitat in shallow reservoirs; (2) basin morphometry: increased overlap with zooplankton prey and lack of DVM refuge in shallow reservoirs; (3) basin morphometry: increased resuspension in shallow reservoirs; (4) Basin morphometry: increased sediment availability to and nutrient transport by gizzard shad in shallow reservoirs; (5) Catchment and hydrology: increased nutrient transport to reservoir in large catchment with many tributaries; (6) Catchment and hydrology: reduced storm influence in small catchments with relatively few tributaries. GS 5 gizzard shad. ZP 5 zooplankton. broadscale terrestrial differences in geology, soils, vegetation, and land use/cover (Omernik 1987; Fig. 2) . Our sampling scheme recognized the longitudinal gradients typical along reservoir flowpaths. Therefore, we sampled each reservoir at a shallow (1-2 m) ''inflow'' site that was typically well mixed and a stratified ''outflow'' site at the deepest reservoir area near the dam. In this study, we only report findings from the ''inflow'' sites because these shallow upstream areas are where most larval gizzard shad production occurs (Bremigan and Stein 1999) . See Knoll et al. (2003) for information on how inflow and outflow sites of some of these lakes differ in water-quality variables. The reservoirs are classified as mesotrophic to hypereutrophic with ranges in concentrations of the inflow areas for total phosphorus (TP) (27.8-166 mg L 21 ), total nitrogen (TN) (476-8,467 mg L 21 ), and chlorophyll a (Chl a) (2.4-45.7 mg L 21 ).
Land use/cover-We used land use/cover GIS data from the Ohio Department of Natural Resources (ODNR) Geographic Information Management Systems database (http://www.dnr.state.oh.us/gims) that was originally obtained from thematic mapper imagery taken in 1994 at a pixel resolution of 30 m 3 30 m. We quantified the percent land use/cover of each reservoir's total catchment (including upstream reservoir and stream catchments). We classified land use/cover into seven categories: agriculture (our focus area, and hereafter referred to as % agriculture), urban, forest, shrub, water, wetland, and barren. However, because agricultural and forest land use/cover across these reservoirs are strongly negatively correlated (r 5 20.99) and together represent .91% of total catchment land use/ cover in all reservoirs except LaDue (82% agriculture and forest, 15% shrub, water, and wetland cover), we only explore agriculture in this analysis as it is the main land use/ cover driver of reservoir productivity in these catchments. The majority of the agricultural land is in row-crop agriculture, with soybeans and corn being the dominant row crops.
HGM template: catchment-We chose catchment scale variables to represent the potential for material input to reservoirs and intensity of storm events. For each reservoir, we divided catchment area by reservoir surface area; in addition, to quantify stream flow distance into reservoirs, we used the surface-water data and navigational tools provided in the National Hydrography Dataset (NHD, http://nhd.usgs.gov/). We calculated the length of streams flowing into each reservoir two ways by calculating: (1) total upstream distance through all mainstem and tributary streams and (2) upstream distance considering only upstream mainstem streams.
HGM template: basin morphometry-We determined reservoir volume and surface area from bathymetric surveys conducted by ODNR (http://ohiodnr.com/Home/ FishingSubhomePage/LakeMapLandingPage/tabid/19478/ Default.aspx). We obtained retention values (volume : discharge) for 10 of the 11 reservoirs from Bunnell et al. (2006) . We divided volume by surface area to estimate mean depth, we obtained maximum depth from recent ODNR surveys, and we calculated the ratio of maximum to mean depth. Because the shallow and productive inflow areas of reservoirs are critical areas for supporting gizzard shad recruitment, we quantified two new metrics, percent inflow and inflow fetch, that specifically characterize the inflow area. These metrics are meant to reflect the relative amount of inflow area, its general size, and susceptibility to wind resuspension. We used bathymetric maps to calculate these metrics, and we defined the border between the shallow inflow reservoir area and the deeper outflow area by visually assessing where reservoir bathymetry changed from a gradual shoreline slope and shallow (,3 m) depths to a steep-sided shoreline slope and depths .3 m. We chose this depth because larval gizzard shad are concentrated in the top 3 m of water (Arend 2002) . Percent inflow is calculated as the percent of the surface area of the reservoir with water depth ,3 m (excluding the narrow shoreline bands in outflow reservoir areas). Inflow fetch is the longest open-water distance in the inflow area along the axis of the dominant winds, determined using data from the nearest meteorological station (Ohio Agricultural Research and Development Center; http://www.oardc.ohio-state.edu/centernet/weather.htm).
In-reservoir variables-We sampled the 11 reservoirs weekly during May and June 1998-2000. Because most larval gizzard shad hatch during May and June (Bremigan and Stein 1999) , our analysis characterizes the recruitment environment (in terms of nutrient and chlorophyll a [Chl a] concentrations and zooplankton assemblages) experienced by the majority of larval gizzard shad. Characterizing age-0 gizzard shad dynamics during this early season is particularly important for understanding their subsequent effects on other age-0 fishes (Garvey and Stein 1998a) . Because all reservoirs could not be sampled for all parameters in all years, sample sizes ranged 22-27 lake-years across response parameters.
Trophic status-On each sampling event, we identified the depth of the epilimentic mixed layer from temperature and oxygen profiles. We collected integrated water samples from the mixed layer using an integrated tube sampler for TN, TP, and Chl a concentrations. We measured TN with second-derivative spectroscopy after digestion with potassium persulfate (Crumpton et al. 1992) , and determined TP by spectroscopic analysis using the acid molybdate method and persulfate digestion. Chl a samples were filtered onto Gelman A/E glass-fiber filters, frozen, extracted with acetone, and quantified using a Turner model TD-700 flurometer calibrated with commercial standards dissolved in acetone.
Zooplankton-We sampled crustacean zooplankton and rotifers during the day on a weekly basis during May-June using a conical 54-mm-mesh net towed from 1 m above the reservoir bottom to its surface. We preserved zooplankton in 70% ethanol. Using the methods of Bremigan and Stein (2001) we counted and identified crustacean zooplankton taxa as follows: cladocerans to genus; copepod adults and Table 1 . Summary of hypothesized important predictors of three categories of response variables: reservoir trophic status, zooplankton, and larval gizzard shad.
Predictor variables represent five categories: land use/cover (% agriculture), hydrogeomorphic (HGM) features at the catchment scale, HGM features at the local basin scale, trophic status, and food web components. For each response variable, we present the predictor categories hypothesized to have explanatory power, the hypothesized mechanism underlying the relationship, the associated predictor variables, their hypothesized relationships (direction of effect) with the response variable, and the occurrence (yes/no), and documented direction of effect ( copepodids as calanoid or cyclopoid; immature copepods as nauplii. We counted and identified rotifers to genus using a compound microscope. We measured crustacean zooplankton total length to the nearest 0.01 mm for the first 22 individuals encountered per taxon. We used taxonspecific, length-dry weight equations for crustacean zooplankton taxa (Dumont et al. 1975; Rosen 1981; Culver et al. 1985) to convert length to biomass. For rotifers, we measured up to 25 individuals from each genus to the nearest 0.1 mm. We calculated rotifer biomass using geometric formulas that approximate the volume of individuals (Ruttner-Kolinsko 1977) . We converted rotifer volume to wet weight, assuming a specific gravity of 1. We estimated dry weight as 0.1 3 wet weight (Doohan 1973) . We aggregated the data into two zooplankton variables for each reservoir-average rotifer biomass at the inflow site and average crustacean biomass at the inflow site-by calculating the mean across sampling dates in May and June.
Larval gizzard shad-We used the methods of Bunnell et al. (2003) to collect and enumerate larval gizzard shad. Briefly, larval gizzard shad were collected weekly during the day in the top meter of water with a neuston net (1 m 3 2 m wide mouth, 0.5-mm mesh) with a flow meter mounted to the mouth to quantify water volume filtered. On each sampling event we conducted two replicate 5-min tows at 1 m s 21 , except when high zooplankton densities necessitated shorter tows. Larvae were preserved in 95% ethanol and counted to estimate density. For each date, we calculated mean larval gizzard shad density across the two replicate tows. We measured total length (nearest 0.1 mm) of 50 random larval gizzard shad from one randomly chosen replicate per date using a Sigma Scan digitizing system. We generated indices of larval gizzard shad hatch abundance and large larval gizzard shad survivor abundance by combining density and length data. We used 5-6-mm-TL larvae to generate our larval hatch index because 5 mm is the smallest larval size that is vulnerable to our nets. We used 15-mm-TL fish for our index of large larval survivor abundance because the majority of larval mortality occurs for individuals ,,11 mm TL (Bremigan and Stein 1999) and because vulnerability to our neuston net declines for larvae .15 mm TL. Our method accounts for the potential for larval growth rate differences across reservoirs to influence index estimates given that slow-growing larvae will remain in a particular size class longer than will fast-growing larvae (Bremigan and Stein 2001) .
Model selection procedure-We conducted transformations when needed to meet statistical assumptions of normality and homogeneity of variance. We used analysis of variance (ANOVA) to determine if response variables varied predictably among the 3 sampling years to determine if sampling year needed to be factored into our model selection procedure. We considered two alternative approaches for evaluating the effects of agricultural land use/ cover, catchment-and basin-level HGM features, and food web features on in-lake response variables: (1) and regression tree analysis (CART) (Breiman et al. 1993 ), which generally explains more variation in the response parameter when there are non-linear responses in the data, and (2) multiple linear regression, which performs better if linear relationships dominate the data set. For each response variable, we conducted a CART analysis and linear regression analysis (with the model selection procedure described below) with all the predictor variables hypothesized to be important. We compared the PRE values (proportional reduction in error, analogous to an R 2 value) from the CART analyses to the R 2 values obtained for our best linear models. Linear regression explained substantially more variation (,20% more) for the majority of the response variables and similar amounts of variation for the other response variables. Given the generally better performance of the linear regression, we present the regression-based model selection findings in this article.
We used the same model selection procedure for all response variables. Using a multiple regression approach, we took several steps to avoid problems of multicollinearity among predictor variables (Graham 2003) . However, we sought to strike a balance between explanatory power and predictor removal, given that excessive removal of predictors before model building would detract from our ability to determine the overall ability of land use/cover, HGM features, trophic status, and food web factors to explain variation in the response parameters. All statistics were conducted in SAS 9.0 (SAS Institute), using PROC REG for the regression models. For all multiple regression analyses, we compared models using second-order Akaike's Information Criterion (AICc) to determine which model represented the highest parsimony between variation explained and number of predictors included, with a lower AICc value representing a better model (Burnham and Anderson 2002) . Models that differed by less than two units were deemed to be similarly supported and statistically indistinguishable.
There were three main stages for the analysis. First, we constructed a correlation matrix among % agriculture and all of the HGM predictor variables and eliminated variables that were highly correlated with each other (r . 0.8). Second, we conducted multiple regressions for each response variable using only predictors from a single category (catchment HGM, basin HGM, trophic status, or food web) at a time, considering only predictor categories for which there was a hypothesized linkage to the response metric, and building models using all possible combinations of variables within a category ( Fig. 1 ; Table 1 ). The predictor variables that were in the best category-specific models from this stage were then retained for the next stage that combined categories. We also retained predictors from any models that were statistically indistinguishable from the best category-specific model based on AICc. In the third stage, we conducted multiple regressions for each response metric using variables that were retained from stage two. We identified the best model(s) using the AICc criteria described above. Finally, we omitted any of the best models if they contained predictors that shared a correlation coefficient .0.3 (Graham 2003) . Therefore, our best models are those that have the lowest AICc value and no predictors that share a correlation coefficient .0.3. 
Results
None of the response variables varied with year (p values ranged 0.21-0.95 and R 2 values ranged 0.0-0.12), and thus we did not include year in our model selection procedure.
Correlations among predictor variables-Considering variables in our land use/cover and HGM categories, we observed relatively few occurrences of correlation coefficients .0.80 (Table 3) . Generally, correlation coefficients were higher for paired variables within a category than between categories (Table 3) . For example, within our catchment scale HGM category, we omitted catchment area and upstream mainstem distance from our model selection procedure because of their high degrees of collinearity with other catchment scale variables and because upstream tributary distance and catchment : surface area generally performed better in univariate regressions with response variables. We also noted high collinearity between some basin level HGM features. We omitted percent inflow from the model selection process because of its high correlation to mean depth (r 5 20.87), and because mean depth data are more commonly available than percent inflow. Not surprisingly, maximum depth and average depth also were highly correlated (r 5 0.78). Because the relative importance of these two variables likely differs among response parameters, we retained both for the model selection procedure, but not together in final models.
Across HGM categories, basin scale features generally had low correlation coefficients with catchment scale features or with % agriculture, with most r values ,0.40. The correlation between catchment scale HGM features and % agriculture was generally higher, with r values with % agriculture ranging 0.39-0.64. Because some food web variables were used as predictors in some models, we also considered correlations between the HGM and food web variables. We saw no correlation coefficients .0.8, with about half falling between 0.3 and 0.6, and about half being ,0.3.
Reservoir productivity model selection-For TN, the best single-category models from stage two of the model selection process were % agriculture, catchment : surface Fig. 2 . Maps of the location of the 11 study reservoir catchments and (A) Omernik Level III ecoregions (Omernik 1987) and (B) land use/cover. Reservoirs are numbered from lowest (1) to highest (11) percent agricultural land use/cover in the catchment corresponding to Table 2. area at the catchment scale, and at the basin scale maximum depth, mean depth, maximum : mean depth, and inflow fetch. In stage three, models containing % agriculture consistently explained the highest amount of variation in TN (R 2 . 0.89 as opposed to #0.50 for all other models). Our best model contained a positive effect of % agriculture and a negative effect of inflow fetch (Tables 4A, 5 ), although the latter was the opposite direction to our predictions. Notably, % agriculture alone explained 89% of the variation in TN, whereas catchment and basin scale features, alone, could at best explain 39% and 10% of the variation in TN, respectively.
The best single category models predicting TP and Chl a concentrations included % agriculture alone, catchment : surface area alone, catchment : surface area in combination with upstream tributary distance, and mean depth alone. Results from stage three show that overall, less variation was explained in TP (R 2 5 0.67) and Chl a (R 2 5 0.57) than in TN (Table 4A ,B,C). Our best models predicting TP and Chl a concentrations included a positive effect of % agriculture as well as a negative effect of reservoir mean depth (as expected), but no catchment scale predictor (Table 5 ). Unlike the TN models, models containing only catchment and basin scale features still explained close to 50% of the variation in observed TP or Chl a concentrations, whereas % agriculture alone explained just 30% and 12% of the variation in TP and Chl a, respectively.
Zooplankton model selection-Mean May-June rotifer biomass ranged 0.16-97.64 mg L 21 dry weight across reservoirs and years. Of the three rotifer biomass models tested, the model containing only Chl a had the lowest AICc value and explained the most variation (60%) (Table 4D) , with rotifer biomass increasing with Chl a as predicted (Table 5) . The model containing crustacean zooplankton biomass alone performed quite poorly in comparison (AICc value 5 216.8) explaining only 26% of the variation in rotifer biomass.
Mean May-June crustacean zooplankton biomass ranged 1.51-231.49 mg L 21 dry weight across reservoirs and years. Counter to bottom-up predictions, Chl a alone was negatively related to crustacean zooplankton biomass (R 2 5 0.43). In addition, for the basin scale HGM models of stage two, nine models with various combinations of mean depth, maximum depth, inflow fetch, and maximum : mean depth performed similarly well. In stage three, the addition of basin level HGM features to the Chl a only model resulted in the addition of two variables (inflow fetch and maximum : mean depth), but the three models were not distinguishable according to AICc (Table 4E) .
Larval gizzard shad model selection-Total May-June hatch abundance of larval gizzard shad ranged 0.04-79.88 larvae m 23 across reservoirs and years. For larval gizzard shad hatch abundance, there were three basin-only models (maximum depth, mean depth, and inflow fetch) from the stage two analysis, with AICc values ranging 236.4 to 235.8. However, these models explained ,7% of the variation in larval gizzard shad hatch abundance. In contrast, a catchment scale model containing only up- Table 3 . Correlation matrix and sample size (n 5 number of lakes) for % agricultural land use/cover and hydrogeomorphic features at the catchment and basin levels.
Predictor variable labels are as for Table 1 
20.72
Water retention 1 stream tributary distance explained 42% of the variation in hatch abundance (AICc 5 246.5). and including all relevant categories in stage three resulted in two additional models that were indistinguishable from the upstream tributary distance model (Table 4F ). In contrast to our expectation that catchment scale HGM features would have a negative effect on larval gizzard shad hatch abundance because of greater storm influence (e.g., potentially flushing larvae completely out of the system), we documented a positive relationship between upstream tributary distance and larval hatch abundance (Table 5) .
Total May-June abundance of larval gizzard shad survivors ranged 0.63-49.90 larvae m 23 across reservoirs and years. Abundance of larval gizzard shad survivors was the most complex response variable to model, because so many factors were hypothesized to affect larval survival (see Table 1 ). Considering the single category models from stage two, three basin level models, all containing inflow fetch, performed best, with AICc values ranging 234.4 to 232.5 and explaining 28-32% of the variation in survivor abundance. At the catchment scale, upstream tributary distance (AICc 5 235.8, R 2 5 0.33) outperformed catchment : surface area alone (AICc 5 233.0, R 2 5 0.24) Table 4 . Summary of the highest-ranking multiple regression models explaining variation in trophic status, zooplankton, and larval gizzard shad response variables from the 11 Ohio reservoirs sampled during 1998-2000. Predictor variable labels are as for Table 1 . In each case, the best model is defined as the model with the lowest AICc score (and any model(s) with an AICc score that differed from the lowest score by , 2) and for which no two predictors had a correlation coefficient of r . 0.3 (as per Graham 2003) . Inclusion of predictor variables was based on hypothesized relationships, as summarized in Fig. 1 and Table 1 . Column headings include n (number of observations), s 2 (residual sum of squares divided by n), AICc, and R 2 (proportion of variance explained by the model). GS 5 gizzard shad. ZP 5 zooplankton. Table 5 . Summary of the slope coefficient estimates and standard errors associated with each predictor from the best models for trophic status, zooplankton, and larval gizzard shad ( and was comparable to the model with both catchment level predictors (AICc value 5 233.6, R 2 5 0.35). The rotifer biomass alone model performed best of the single category models, with an AICc value of 239.8 and explaining 45% of the variation in larval survivor abundance. Larval gizzard shad hatch abundance also performed relatively well (AICc 5 237.6, R 2 5 0.39). Due to the potential importance of controlling for hatch abundance when considering survivor abundance, we considered hatch abundance in stage three. Results from stage three show that a combined model with one predictor from each category (upstream tributary distance, inflow fetch, and rotifer biomass) performed best overall (AICc 5 254.0), with a substantially higher R 2 (0.79) than any single category model (Table 4G ). However a model without inflow fetch was not distinguishable from this three variable model. As expected, inflow fetch and rotifer biomass were positively related to larval gizzard shad survivor abundance. Counter to our expectation, but similar to our findings for larval hatch abundance, survivor abundance was positively related to upstream tributary distance (Table 5 ).
Discussion
Existing uncertainty regarding the relative importance and quantitative nature of HGM and land use/cover effects on aquatic systems requires the implementation of studies that include a broad range of HGM features, reflecting multiple spatial scales (catchment and local basin scales) and multiple trophic levels. Although the number of land use/cover studies in streams far exceeds that for lakes and reservoirs, even in streams only limited understanding exists regarding the mediating influence of HGM features on the effects of land use/cover. Additionally, knowledge of the relative importance of land use/cover and the HGM template across multiple spatial scales, and their subsequent effects on stream biota, is incomplete (Johnson et al. 1997; Wiley et al. 1997; Allan 2004) . Our study demonstrates a robust approach that could be applied to a variety of aquatic systems. We have built upon previous studies by exploring the effects of land use/cover and HGM features on critical food web interactions, guided by a conceptual framework that integrates experimental, modeling, and field approaches. Our findings demonstrate strong support for our hypothesis that HGM features mediate bottom-up effects of land use/cover. Specifically, the relative importance of HGM features was particularly high for TP and Chl a, as well as larval gizzard shad hatch and survivor abundance, indicating that HGM features do mediate some food web interactions, particularly those determining larval gizzard shad demographics.
What is the relative importance of land use/cover and HGM features to reservoir trophic status?-Our findings demonstrate that agricultural land use/cover is more tightly linked to TN than to TP or Chl a. Across 22 reservoiryears, the total percent variation explained was highest for TN, intermediate for TP, and lowest for Chl a, corresponding to the relative importance of % agriculture in explaining variation. The tighter linkage between % agriculture and TN likely reflects higher export coefficients associated with TN transport from agricultural watersheds relative to P-related export coefficients (Vanni et al. 2001) , as well as a tighter correlation between % agriculture with nitrogen (nitrate) inputs than with phosphorus inputs (M.J. Vanni, unpubl.) . Although TP and Chl a levels were positively associated with % agriculture, it alone could explain much less variation in TP (30%) or Chl a (12%) than TN (89%), consistent with the findings of Knoll et al. (2003) . In contrast, HGM features appeared to play a strong role in determining TP and Chl a levels in these reservoirs through either material input (as represented by catchment : surface area) or resuspension within reservoirs (as represented by mean depth). Correlations within HGM categories prevent us from attributing these effects solely or specifically to catchment : surface area or mean depth (see Table 3 ). Rather, our analysis identifies the relative importance of the two spatial scales, while providing insights into the particular variables that can explain the most variability in TP and Chl a.
With growing recognition of the importance of nonpoint sources to nutrient dynamics, numerous studies have quantified general relationships between agricultural land use/cover and nutrient concentrations in streams (reviewed by Allan 2004) , wetlands (Crosbie and Chow-Fraser 1999) , lakes (Dodson et al. 2005) , and reservoirs (Knoll et al. 2003; Jones et al. 2004 ). Because of differences in methodologies and approaches among studies, direct comparisons are difficult to generate. For example, studies sometimes aggregate TN and TP or Chl a values into a composite trophic score, thus preventing a comparison among relationships between agricultural land use/cover and specific nutrient or trophic components. Qualitatively similar findings to ours were obtained in a study of Missouri reservoirs, which found a tighter relationship between percent of catchment in cropland land use/cover and TN (R 2 5 0.71) than TP (R 2 5 0.62) (Jones et al. 2004) . Also, Jones et al. (2004) found that indices of retention time and depth improved the TP relationship (R 2 5 0.77 compared to 0.62) more so than the TN relationship (maximum R 2 5 0.76 compared to 0.71). This pattern is not surprising given the transport mechanisms of nitrogen vs. phosphorus across the landscape to aquatic ecosystems. Peterjohn and Correll (1984) found the major pathway of nitrogen loss from terrestrial landscapes to be subsurface flow, whereas phosphorus loss was split fairly evenly between surface runoff and groundwater flow.
To what extent do HGM features mediate food web interactions?-We expected land use/cover and HGM features to indirectly influence zooplankton assemblages and gizzard shad demographics through their effects on reservoir productivity. In addition, we hypothesized that HGM features also would influence crustacean zooplankton and gizzard shad attributes through additional pathways. As expected, rotifer biomass was positively correlated with Chl a; but, crustacean zooplankton biomass was negatively related to Chl a. Rotifer biomass and crustacean biomass were weakly negatively correlated across our data set (correlation coefficient 5 20.50). Pollard et al. (1998) noted that exploitative competition with crustacean zooplankton likely structures rotifer assemblages in an interannual analysis of our most productive reservoir (Acton). However, negative correlation between these two zooplankton groups could also result from predation of rotifers by copepods, contrasting vulnerability of rotifers and crustaceans to predation by adult gizzard shad and other zooplanktivores, or differential vulnerability of rotifers and crustaceans to poor water quality (e.g., pesticides or sediments) associated with agricultural land use/cover (Hanazato 1998) .
Our findings support the general pattern that zooplankton assemblages become increasingly dominated by small taxa under conditions of increasing productivity and/or turbidity (Sprules 1980) . Interestingly, the strength of this pattern likely varies with both temporal and spatial scales, reflecting a complex mix of drivers operating at different scales. For example, in their study of the highly productive Acton reservoir, Pollard et al. (1998) detected no consistent differences in the relative predominance of rotifers vs. crustacean zooplankton between the relatively productive, turbid inflow area and the deeper outflow area near the dam (considering April-November). Thus, within a system and in a given year, the predicted relationship between zooplankton size structure and productivity or turbidity was not apparent. However, Pollard et al. (1998) noted that the relative predominance of rotifers varied substantially among years, likely due to interannual differences in predation pressure by gizzard shad on crustacean zooplankton and subsequent competitive interactions between crustacean zooplankton and rotifers, illustrating the importance of these top-down interactions as well. Our study demonstrates that across reservoirs, a consistent pattern of increasing rotifer dominance with increasing reservoir productivity or turbidity exists when viewing seasonal (May-June) average zooplankton values. The relative inability of HGM features to contribute to predictions of crustacean zooplankton biomass suggests that zooplankton may be particularly dependent on food web interactions, with a relatively minor connection to the HGM context of the reservoir, compared to higher and lower trophic levels.
Our ability to predict larval hatch abundance was surprisingly reliant on the catchment scale HGM feature upstream tributary distance. Reservoirs with more contributing tributaries supported higher total larval gizzard shad hatch abundances on a per square meter basis. We were surprised that local basin features did not explain more variation in hatch abundance, given that previous research has documented much higher hatch concentrations in inflow areas compared to deeper outflow areas (Bremigan and Stein 1999) . The morphometry of a basin likely plays a stronger role in determining total larval production, i.e., reservoirs with more inflow area will support more larvae, but not necessarily a higher concentration of larvae m 22 in the inflow area. Upstream tributary distance may reflect higher adult abundance in these reservoirs, although juvenile and adult gizzard shad catch per effort were not correlated to upstream tributary distance (R 2 5 0.12) in a subset of seven of our reservoirs (M.T. Bremigan, unpubl.).
More contributing tributaries might maintain higher sediment inflow and hence higher detrital quality, potentially positively affecting adult gizzard shad condition and reproductive success, but we lack data to test this hypothesis. Tributaries also might represent increased spawning habitat with subsequent congregation of larvae in the inflow areas that we sampled. These hypotheses merit future research.
Findings regarding factors that promote high abundance of large larval gizzard shad survivors, or recruits, matched several, but not all, of our predictions. The two best models explained 75% and 79% of the variation in survivor abundance and documented positive relationships with biomass of rotifer prey and inflow fetch (as expected) and upstream tributary distance (contrary to expectations). Previous experiments have demonstrated that larval gizzard shad prefer small zooplankton prey (,0.40 mm; Bremigan and Stein 1994) and enjoy higher survival when it is available (Bremigan and Stein 1997) . Field analyses in a subset of these reservoirs have shown positive correlations between survival of weekly larval hatch cohorts and small zooplankton availability at the time of hatching, but not between the seasonal averages of survivor abundance and zooplankton (Bremigan and Stein 1999) as found in this study. Our findings also indicate that the HGM setting of a reservoir influences gizzard shad demographics. We detected higher production of large survivors in reservoirs with a relatively large shallow inflow area (as denoted by inflow fetch), supporting our prediction that shallow reservoirs may increase encounter rates between larval gizzard shad and their rotifer prey. These findings support the idea that reservoirs with relatively large hatch and ''nursery'' areas for larval gizzard shad support strong year classes. We find it surprising that larval hatch abundance was not in the top model. This finding points to the importance of the recruitment environment, prey availability, and post-hatch larval survival to understand and predict recruitment.
Application and generality-Our findings point toward the ecological mechanisms that underlie the disproportionate increase in benthivorous and detritivorous fishes that commonly occurs as lake or reservoir trophic status increases (Olin et al. 2002) . In the case of southeastern U.S. reservoirs, increasing nutrient input (resulting from land use/cover and HGM effects) sets the stage for food web change not only through increased primary production, but also HGM effects on population demographics (e.g., the relationship between larval gizzard shad survivors and catchment scale features) and by positive food web feedbacks that become established. Most notably, gizzard shad increase nutrient levels through consumption of sediment-bound detritus; this effect appears to increase disproportionately with productivity levels (Vanni et al. 2005 . In addition, juvenile and adult gizzard shad can reduce crustacean zooplankton abundance, to the possible advantage of rotifers (and ultimately their larval gizzard shad consumers). These underlying effects of the HGM template on productivity and food web interactions are also consistent with a recent study of German lakes in which Mehner et al. (2005) recognized that well-established patterns of changes in fish species composition along a productivity gradient are likely driven more by HGM features (particularly lake depth) than productivity per se (Mehner et al. 2005) . Similarly, Jeppesen et al. (1997) have proposed that depth is a key factor determining the strength of top-down control in lakes, with shallow, low macrophyte lakes (similar to the inflow areas of Ohio reservoirs) most likely dominated by food web interactions supporting a turbid lake state.
Our approach represents a framework that can wisely be applied to evaluate the effects of other landscape-oriented human activities on lakes within the HGM context (Soranno et al. in press ). According to this framework, the HGM template constrains material input into lakes and mediates the effects both of human activities and food web interactions. Our approach recognizes that food web interactions not only are influenced by the physical environment, but may themselves influence the environment through ecosystem engineers (Jones et al. 1994) . Specifically, as ecosystem engineers, gizzard shad function to integrate environmental conditions with productivity by generating feedbacks within the food web. Our understanding is built through integration of multiple approaches and multiple spatial scales. Our holistic, process-based framework reflects the necessity of integrating HGM and human drivers, at several spatial scales, to understand complex interactions structuring linked aquatic-terrestrial ecosystems.
